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Abstract
Controlling artificial humanoids to generate realistic human locomotion has been con-
sidered as an important problem in computer graphics and robotics. However, it has
been known to be very difficult because of the underactuated characteristics of the
locomotion dynamics and the complex human body structure to be imitated and sim-
ulated. In this thesis, we presents controllers for physically simulated humanoids that
exhibit a rich set of human-like and resilient simulated locomotion. Our approach
exploits observable and measurable data of a human to effectively overcome difficul-
ties of the problem. More specifically, our approach utilizes observed human motion
data collected by motion capture systems and reconstructs measured physical and
physiological properties of a human body.
We propose a data-driven algorithm to control torque-actuated biped models to walk
in a wide range of locomotion skills. Our algorithm uses human motion capture data
and realizes an human-like locomotion control facilitated by inherent robustness of
the locomotion motion. Concretely, it takes reference motion and generates a set of
joint torques to generate human-like walking simulation. The idea is continuously
modulating the reference motion such that even a simple tracking controller can
reproduce the reference motion. A number of existing data-driven techniques such as
motion blending, motion warping, and motion graph can facilitate the biped control
Abstract ii
with this framework.
We present a locomotion control system that controls detailed models of a human
body with the musculotendon actuating process to create more human-like simulated
locomotion. The simulated humanoids are based on measured properties of a human
body and contain maximum 120 muscles. Our algorithm computes the optimal coor-
dination of muscle activations and actively modulates the reference motion to fathi-
fully reproduce the reference motion or adapt the motion to meet new conditions.
Our scalable algorithm can control various types of musculoskeletal humanoids while
seeking harmonious coordination of many muscles and maintaining balance.
We demonstrate the strength of our approach with examples that allow simulated
humanoids to walk and run in various styles, adapt to change of models (e.g., mus-
cle weakness, tightness, joint dislocation), environments (e.g., external pushes), goals
(e.g., pain reduction and efficiency maximization), and perform more challenging lo-
comotion tasks such as turn, spin, and walking while steering its direction interac-
tively.
Keywords: Computer Animation, Physically Based Simulation, Biped Locomotion
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Chapter 1
Introduction
Locomotion controllers for physically simulated humanoids has been regarded as an
significant topic in computer graphics and robotics. They can considerably increase
realism of computer-generated movements of characters in films or games and provide
solid bases to develop versatile humanoid robots. However, locomotion control has
been known to be a notorious problem because of the complexity of the its dynamics
and simulated models. This thesis addresses the problem and aims to build controllers
for physically simulated humanoids that generate realistic human locomotion. The
controllers need to satisfy several important requirements such as human-likeness,
richness, and resilience. Before taking up the main subject, we will briefly discuss the
meaning of each keyword in the title.
Locomotion is a self-propulsion action of animals to move. In nature, it is a funda-
mental skill for almost animals, because they should move to find food, find a mate,
1
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escape from dangerous situations and fulfill many other needs. A human also needs
to move to other places to satisfy social needs. Likewise, locomotion is an essential
skill for artificial human-like creatures such as humanoid robots or virtual characters
in games. They basically have to move to somewhere to perform given tasks or avoid
enemies in front of them.
Today, physics simulation has been increasingly used to reproduce human move-
ments by humanoids to create more realistic motions and interactions using a math-
ematical model based on the laws of physics. In this approach, a human body is gen-
erally modeled as a set of rigid bodies, joints connecting them, and actuators moving
them (e.g., joint motors, artificial muscles). Actuation input signals like joint torques
drive the humanoid to change its pose and move.
Physics simulation of human motion requires a control because the human motion
is actively actuated, dissimilar to passive motion of free-fall objects or water surface.
Generally, control means guiding or regulating a dynamical system or a device to
lead to desired behaviors. For example, a human can perform actions without losing
its balance through interactions with environments by subtle manipulation of muscle
forces. Similarly, a humanoid also requires subtle manipulation of actuation input
signals to perform its tasks. Then the question is; how do we determine the actuation
input signals at every moment? The answer implies the control. We have to specify
time-varying actuation input signals for our humanoids to perform tasks without
losing balance, meaning that we have to “control” the humanoids.
In remainder of this chapter, we will discuss motivations of our research from three
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academic domains; computer graphics, robotics and biomechanics. Then we will ex-
plain the problem addressed in this thesis and our approach in detail. Lastly, outline
of this thesis will be described.
1.1 Motivation
1.1.1 Computer Graphics Perspective
The advancement of three-dimensional computer graphics technologies realized highly
realistic virtual world and characters before our eyes, which had existed in our imag-
ination in the past. Now, it is easy to find outcomes of computer graphics technolo-
gies around us at every moment (e.g., visual effects in commercial advertisements,
large-scale rendered scenes in films). With all these changes, computer graphics tech-
nologies have led to the greatest innovation to the entertainment industry such as the
movie industry or the game industry. For example, three of the top ten worldwide
highest-gross films of 2013 were fully 3D rendered animated feature films [2], which
have never existed 20 years ago. The game industry actually had not even existed
before development of computer graphics technologies, which is now estimated to be
worth as much as $93 billions in 2013 [23].
As main characters of a film or a game play an important role to convey its story and
empathy to their audiences, virtual characters are required to be more realistic to
make people get immersed in the story. Although both high quality appearance and
movements are necessary for realism, a sense of realism of virtual characters largely
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comes from how much their motion is realistic because of our innate susceptibility
to human motion. Moreover, virtual characters should be able to exhibit a diverse
set of movements and variety of different styles for each movement, like a human.
For example, locomotion styles of humans depend on what emotion they feel, what
situation they are in or what cultural background they are living in.
The advances of motion capture systems allowed us to obtain high quality three-
dimensional motion data of human actors without much difficulty. The captured mo-
tion data contains subtle details such as mood and emotion of a human actor. How-
ever, the context of the motion data are intrinsically limited to the environments
and subjects of the motion capture sessions. To address this problem, animation re-
searchers have developed a number of data-driven animation techniques such as mo-
tion retargeting, motion blending and motion graphs to overcome the limitation and
improve reusability of captured motion data. Because of their high quality results
with relevant technical improvements, motion capture systems have been extensively
used in production of feature films and commercial games (e.g., Polar Express [2004],
Avatar [2009], The Hobbit [2012], The Last of Us [2013]).
Physical realism is another crucial element for the realistic feeling of virtual charac-
ters, because every movement in the real world is governed by the physics laws. For
example, suppose a virtual character that is demonstrating some parkour skills with
motion capture data. No matter how realistic the captured motion is, the character
will seem to be unrealistic if its feet or hands penetrate into the ground or walls.
The methods to generate physically realistic motions are roughly categorized into two
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types; trajectory optimization and physics simulation with a controller. The trajec-
tory optimization optimizes the motion to be physically correct with proper objec-
tives and modeling of contacts and collisions. It generates realistic motions, but it is
difficult to be interactive because a motion trajectory for a long duration should be
optimized. In contrast, the physics simulation automatically generates physically cor-
rect motions. It can enhances user experience with interactivity because it produces
simulated movements on-the-fly. A well-designed controller are required for the phys-
ically simulated characters to perform the tasks while maintaining balance. However,
developing such a good controller is cumbersome in this method.
1.1.2 Robotics Perspective
The Industrial Revolution promoted a development of a modern concept of au-
tonomous artificial creatures with many breakthroughs notably in mechanics. Since
the term robot was first introduced in a 1921 play R.U.R. [7] by Karel Čapek, people
have tried to create humanoid robots that resemble the human body. The first modern
use of robots has been industrial robots that can perform repetitive tasks including
assembly, painting, packaging in manufacturing plants. The most representative form
of them is a robotic arm, inspired by human arms. Full-body humanoid robots have
been developed mainly for research purpose. They have been developed to under-
stand and reproduce basic human skills (e.g., walking, running, holding an object).
Most developed humanoid robots such as ASIMO [2000] by Honda, HUBO [2005] by
KAIST, DEXTER [2007] by Anybots, HRP-4C [2009] by AIST, PETMAN [2011]
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by Boston Dynamics are commonly equipped with basic locomotion skills with some
other features. Although full-body humanoid robots currently have limited practical
use, they can be much more useful in the near future.
There are several practical purposes of humanoid robots. People expect them to ac-
complish severe tasks instead of human workers by interacting with human tools.
The DARPA Robotics Challenge which aims to “develop ground robots capable of
executing complex tasks in dangerous, degraded, human-engineered environments”
[15] is a good future example of this purpose. Humanoid robots could be useful for
military purposes due to their locomotion mechanism and interactivity with human
tools. They also can provide services for people due to their familiar appearance. For
example, a female robot Ursula by Florida Robotics walks, sings, dances for visitors
at Universal Studios.
Humanoid robots also have scientific purposes. One of the most important scientific
purposes would be understanding human body and human movements. Imitating
human body and human movements with humanoid robots helps researchers to better
understand of them. Understanding of the human facilitates to build humanoid robots
simultaneously.
Humanoid robots requires the controller to conduct various tasks, because they have
to handle given tasks while responding to unexpected noise in sensors and actuators,
and slight changes in environments. Physics simulation is essential for developing such
a controller, because it enables developers to design the structure of the robot and
verify their control algorithm with much lower cost.
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1.1.3 Biomechanics Perspective
The first modern approach on the study of human movements was begun with the
development of photography. Muybridge, a pioneering photographer in studies of mo-
tion, published his well-known work on animal locomotion in 1887 [50] which used
stop-motion photographs. Large advances of observation technologies have been pro-
moted analysis and understanding on human movements. Today, researchers can ob-
tain high quality human motion data and ground reaction force data via motion cap-
ture systems and force plates without much difficulty. Biomechanics researchers also
have investigated the underlying mechanism of locomotion and the structure of a
human body to understand human locomotion more intensively. With vast improve-
ments on movement measurement and understanding of the human body, biomech-
anists have proposed a number of biomechanical models to describe human motion
in more principled way, such as the spring-loaded inverted pendulum (SLIP) model
[6].
The process of human muscle contraction have been investigated by researchers in
physiology and biophysics. Among several types of muscle models, the most popular
one in biomechanics is Hill-type muscle model proposed by Hill [27, 28]. It reason-
ably imitates input and output mappings of real human muscles without considering
their internal details. With Hill-type muscle model, many musculoskeletal model of
humans have been developed by biomechanics researchers. The computer simulation
techniques allows biomechanics researchers to effectively analyze human movements
and test their hypotheses with these models. This approach also allows researchers to
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evaluate metabolic quantities such as metabolic energy consumption.
Controller-based approach with musculoskeletal models can offer us a wider range of
research opportunities because it allows us to predict movements continuously adapt-
ing to a new condition. It can also help us to more understand about how the locomo-
tion had been driven. This has significant practical meaning for medical applications
such as understanding and treating muscle disorders. For example, individuals with
cerebral palsy suffers from unnatural, energy-consuming gaits (e.g., crouch gait, stiff-
knee gait, in-toeing gait) due to abnormal muscle tone, contracture and bony defor-
mities caused by the brain damage during their infancy. Although the damaged brain
cannot be restored, gait-improving surgery, that is, single-event multilevel surgery,
is performed presently. Single-event multilevel surgery includes tendon lengthening
and transfer and correction of any bony deformities(e.g., Tendo Achilles lengthening
(TAL), distal hamstring lengthening (DHL), rectus femoris transfer (RFT), femoral
derotation osteotomy (FDO)). The controller for musculoskeletal models can be used
as a framework when planning the surgery and simulating the outcome.
1.2 Aim of the Thesis
The aim of this thesis is to build controllers for physically simulated humanoids that
generate realistic human locomotion. We propose locomotion control systems which
include a data-driven control algorithms and designing humanoid musculoskeletal
models and their musculotendon actuators. To achieve our goal, we need to overcome
challenges as follows.
Chapter 1: Introduction 9
Locomotion Control. A human body is an underactuated system, meaning that
we cannot control the unactuated root directly in the space we are in. Instead, we
control the position and orientation of our root in the global coordinate system indi-
rectly via the gravity and the ground reaction force. These “unactuated” degrees of
freedom make the system underactuated. Along with a limited range of the ground
reaction force (e.g., contact force cannot pull the feet), this indirect control requires
harmonious coordination of internal muscle forces. Locomotion control for artificial
humanoids is not an easy problem because we still have limited knowledge about
the indirect control when walking or running although we have already get used to
them. High-dimensional, non-linear, and discretely changing characteristics of a hu-
man body dynamics make the problem more difficult.
Human Body Complexity. A human musculoskeletal system is very complex.
It consists of hundreds of bones and muscles, and is actuated by about 700 skeletal
muscles. We need to design humanoids models to be simulated properly without loss of
main characteristics of the human body. Another challenging part is an undetermined
nature of muscle actuation problem. Because the number of muscles is greater than
the degrees of freedom of a human body, various sets of muscle actuation might cause
the same set of joint torques, and results in the same motion. Each muscle has a
number of parameters related to force generation such as the maximum isometric
force and time-varying moment arm, so finding an efficient muscle actuation is not a
simple problem.
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1.3 Requirements
The requirements of our locomotion control systems and their challenges are described
as follows.
• Human-likeness : Reproducing human-like locomotion behaviors and metabolic
quantities such as metabolic energy consumption.
• Richness : Generating a versatile array of locomotion behaviors.
• Resilience : Responding to change of model parameters or environments.
Human-Likeness, Richness. It has been believed to be more challenging to con-
trol humanoids to walk and run in a highly natural and human-like manner, be-
cause we have not yet perfectly understood human locomotion mechanism and com-
pletely replicated the body structure of a human. Generating various styles of human
locomotion also has been believed to be a difficult task because it had been largely
time-consuming and laborious tasks with traditional tuning approaches for robot con-
trollers.
Resilience. A locomotion controller always have to respond to small variations
of internal information (e.g., actuation noise) or external information (e.g., sensory
noise, tiny fragments on the ground). To respond wider range of variations, we need a
more robust locomotion controller. It is challenging because it aggravates challenges
of locomotion control.
Chapter 1: Introduction 11
1.4 Approach
To deal with the forementioned challenges, we utilize motion capture data of human
locomotion. We propose a control algorithm that exploits inherent robustness of the
captured locomotion motion. Our simulated locomotion is natural and human-like as
it is based on real-human motion data. Once a robust control algorithm is built up,
this approach allows us to easily reproduce a wide array of locomotion behaviors if
their reference motion data is available. Feedback rules allow the simulated humanoids
to respond to various types of changes robustly.
It is difficult to represent human body with real number of bones and muscles because
of its complexity. A practical approach would be to represent the human body with
simpler representations. We use two levels of human body representations. First,
we use rigid bodies and joints connecting them as torque actuators. In this model,
joints are able to actuated without torque limits whenever the controller indicates.
Second, we use musculoskeletal representations which are composed by bones, joints
and actuated by musculotendon actuators with activation signals. Each muscle force
is generated to be in a similar range with that of the human body. The muscle
redundancy issue is handled with optimization techniques to find minimum effort
muscle activation signals.
In this thesis, we propose locomotion control systems that exploit observable and
measurable data of a human. Our approach utilize observed human motion data col-
lected by motion capture systems, and reconstruct measured physical and physiolog-
ical properties of a human body in the simulated environment. It allows simulated
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humanoids to walk and run in various styles while maintaining balance and interact-
ing with the environment. Our controllers are resilient to the change of humanoids,
environmental properties, or objective functions. They generate reasonable adapted
locomotion motions with these changes.
We concretize our approach with two controllers; a walking controller for humanoids
actuated by joint torques, and a walking and running controller for humanoids actu-
ated by musculotendon actuators. For the first controller, we concentrate on a con-
trol algorithm. For the second one, we concentrate on modeling musculoskeletal hu-
manoids and its force-generating and force-transferring processes. More specific de-
scriptions of our approach are given as follows.
Data-Driven Biped Control. In this topic, we focus on the control algorithm to
drive humanoids actuated by joint torques. We exploits human motion data to facil-
itate human-like locomotion control with inherent robustness of human locomotion
itself. Our dynamic controller takes reference motion capture data and generates a
set of joint torques for each time step that reproduce human-like walking simulation
similar to the reference motion. The idea is continuously modulating the reference
motion for even a simple tracking controller to reproduce the reference motion. A
number of existing data-driven techniques such as motion blending, motion warping,
and motion graph can facilitate a biped controller with this framework. Examples in-
clude walking, turning, spinning of simulated humanoids, and adapted walking sim-
ulation for variation of simulated humanoids and the environment.
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Figure 1.1: Data-driven biped control. The humanoid can be controlled interactively
while changing directions, walking styles and interacting with obstacles.
Locomotion Control for Many-Muscle Humanoids. In this topic, we build a
locomotion control system including detailed model of the human body and muscu-
lotendon actuating process. We reconstruct physical and physiological properties of
a human body in a physically-simulated virtual environment. This enables realistic
locomotion simulation with actuation ranges analogous to that of real humans. Our
controller can control humanoid models with more than a hundred of muscles. It has
two major technical components, muscle optimization and trajectory optimization.
The muscle optimization computes the optimal coordination of muscle activations
and the trajectory optimization actively modulates the reference motion to fathifully
reproduce the reference or adapt the motion to meet new conditions. Any specific
algorithmic changes are not required for different types of humanoid models because
our algorithm is general for the structure of the humanoid.
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Figure 1.2: Locomotion control for many-muscle humanoids. This controller can
generate various types of locomotion simulations even for the detailed musculoskeletal
model with 120 muscles.
1.5 Thesis Outline
The remainder of the thesis is organized as follows.
Chapter 2 gives a review of previous research in the biped control, and design and
simulation of musculoskeletal humanoid models.
Chapter 3 presents the data-driven biped control, a locomotion control system for
torque-actuated humanoid models.
Chapter 4 presents the locomotion control for many-muscle humanoids, a locomotion
control system for detailed musculoskeletal humanoid models with musculotendon
actuators.
Chapter 5 concludes this thesis, and discuss possible future work.
Appendix A describes the mathematical definitions used in Chapter 3.
Chapter 1: Introduction 15
Appendix B describes the humanoid models used in this thesis.




In this chapter, we summarize the review of previous work on biped control and
musculoskeletal simulation which are relevant to this thesis. In the first section, we
review previous biped controllers in computer graphics community. A wide range of
work from early biped controllers to recent explosive progress of controllers is dis-
cussed in the section. In the second section, we review previous work about simula-
tion of musculoskeletal humanoids. We discuss three categories; simulations of spe-
cific body parts, simulation of full-body models, and controllers for musculoskeletal
humanoids.
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2.1 Biped Control
Biped controllers have extensively been explored in computer graphics and robotics.
Hodgins and her colleagues presented manually designed biped controllers for highly-
dynamic athletic motor skills, such as running, jumping, and bicycling [30]. Their
controllers were equipped with finite state machines for phase transition control and
a feedback balancing mechanism based on step placements. van de Panne and his col-
leagues have extensively studied the design of biped and quadruped controllers. Most
notably among them, SIMBICON is a robust, three-dimensional walking controller
employing a series of key-poses to shape a reference trajectory and a step-based feed-
back loop to follow the reference trajectory [80]. Robust walking controllers can also
be acquired by approximating bipeds with simplified inverted pendulums, which al-
low a guaranteed balancing strategy in a closed-form solution [32, 69]. Those walking
controllers tend to raise their swing feet higher and keep them in the air longer than
natural human walking. Their robustness partly comes from the tendency of extended
swing phases, which allows more flexibility in step placements for balancing.
Since the early results based on finite state machines and foot placement algorithms
[55, 30], researchers have continuously improved the robustness of the controllers.
Some of them experimented the basic principles [80, 72]. Others employed simplified
models that abstract the human body to mitigate the complexity of full-body model
[36, 46, 78, 9, 69]. Motion capture data have also been used as an important component
in achieving human-like quality of result simulated motion. Many controllers have
used motion capture data to improve the naturalness of simulated gaits [62, 12, 49,
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42, 36].
Once a collection of robust controllers are acquired, high-level control over biped be-
haviors is desired. Faloutsos and van de Panne [21] discussed the precondition and
postcondition of individual controllers to make transition between controllers. Inte-
grated controllers equipped with various motor skills have been employed to clear
stepping stones [11] and steer through obstacles [10]. da Silva et al. [14] studied a
combination of controllers to create inbetween controllers and coordinate the opera-
tion of multiple controllers.
In robotics, biped humanoid robots are often driven by oscillatory movement pat-
tern generators described by differential equations. Several researchers have explored
a strategy to synchronize reference movement patterns and an actual humanoid via
phase resetting [51, 52]. Phase resetting is conceptually similar to our synchroniza-
tion method, though our controller can deal with realistic motion capture references
that necessitate coordinated movements of many actuated joints (upto 42 degrees of
freedom in our experiments).
2.1.1 Controllers with Optimization
Optimization has served as a key methodology in biped controller design. Hodgins
and Pollard [29] adapted existing controllers to new characters of different scales by
searching control parameters via simulated annealing. This type of optimization is a
very challenging problem because each controller has a lot of parameters to tune and
the objectives are highly non-linear. The continuation method employed by Yin et
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al. [79] addressed a difficult controller-adaptation problem by solving a progressive
sequence of problems that trace a path from a solved problem to the target unsolved
problem. Control policy searching techniques have also been used to learn walking
controllers of physical robots [48, 65]. Sok et. al. proposed optimization method for
motion capture data to be adapted to simulate planar biped [62].
Optimization has also been a key algorithm for improving the quality and robustness
of biped controllers under various conditions. Wang et al. [72] optimized SIMBICON
controllers to allow more human-like gaits using biomechanically-motivated objective
functions. Given a baseline controller, stochastic optimization techniques have been
successfully applied to find controller parameters that make robust and natural re-
sults [72]. Controller parameters have also been optimized to adapt to unexpected
disturbances or changes of terrains [73, 77]. Liu et al. exploited the technique to learn
an affine feedback policy to perform parkour-style terrain runs [44].
Optimization for instantaneous control signal has also been used for designing biped
controllers [1, 12, 16, 77]. The method allows controllers to achieve various task
goals with properly designed objectives. Such optimizations are usually formulated as
quadratic programming problems because they can be solved efficiently online.
It should be noted that our research goal is different than trajectory optimization [43,
22, 58, 71], which attempts to find a specific trajectory of motion minimizing energy
consumption subject to user constraints.
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2.1.2 Controllers with Motion Capture Data
Several biped controllers have been supplemented with the realism of motion cap-
ture data. To circumvent the difficulty of balance control, some controllers allow only
the upper-body to be driven by motion capture data while the lower-body is either
fixed or controlled by a conventional balance controller [82, 53]. Data-driven control
of two-dimensional biped locomotion was first addressed by Sok et al. [62]. They
pointed out that motion capture data are physically inaccurate and rectified motion
capture data to make them physically plausible using spacetime optimization. They
also demonstrated that even very simple regression and tracking methods can gener-
ate stable biped walking, running and jumping when they are combined with physi-
cally plausible reference data. da Silva et al. [13] developed three-dimensional walking
controllers that exhibit improved robustness and stability. Their controller employed
short-horizon tracking and quadratic programming to maintain biped balance. This
idea has further been improved with LQR (Linear Quadratic Regulator) balance con-
trol, which precomputes optimal balancing strategies using a simplified 3-link char-
acter model [12]. Muico et al. [49] employed an even more sophisticated model, NQR
(Nonlinear Quadratic Regulator), to track the full DOFs of a human body model.
Their controllers coped with non-penetration constraints by incorporating an NQR
formulation into a linear complementary problem.
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2.2 Simulation of Musculoskeletal Humanoids
2.2.1 Simulation of Specific Body Parts
Many researchers in computer graphics have designed musculoskeletal models and
simulate them in physically based simulation. There have been muscle models de-
signed for specific body parts, for example, torso [20], neck-head-face [41], hand [64],
face [60] and upperbody [66, 40]. These models are actuated by muscle forces to
generate anatomically and physically realistic simulated motions. A simplified form
of Hill-type model has been used to determine actuation forces based only on the
force-length relations of muscle fibers ignoring the time-derivatives of muscle lengths
[60, 64]. Lee et al. used another form of simplified Hill-type model using a linearized
force-length-velocity curve [41, 40]. Their coactivation control method exploits the
linearity to resolve the redundancy of muscle activations approximately. A more re-
alistic nonlinear force-length-velocity curve is used in torso simulation [20]. Komura
et. al. used more realistic full body model using data of [19] with variable tendon
length and simulated kicking, standing-up, walking motion [34]. Sapio et al. discussed
operational-space feedback control for musculoskeletal simulation using a nonlinear
force-length-velocity curve [17]. These studies assumed musculotendon actuators with
constant-length tendons or no tendon at all to reduce the complexity of the muscle
dynamics model. Several studies used volumetric representations of human muscles
to improve appearance or modeling accuracy [60, 66, 40].
Optimization is broadly used to compute activation [60, 70, 20, 40]. Several researcher
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used inverse dynamics to compute joint torque and optimize muscle force to generate
torque [34, 40, 64]. Optimization also used to generate training data set as input of
artificial neural network [41].
2.2.2 Simulation of Full-Body Models
Biomechanics researchers have studied the simulation of various human activities,
such as vertical jumps, walks, and pedaling. Anderson and Pandy [4, 5] computed
excitation trajectories for jumping and walking by formulating the problem as an op-
timal control problem, often called dynamic optimization in the biomechanics com-
munity. The excitations for a half cycle of locomotion were simultaneously optimized
to minimize the metabolic energy consumption per unit moving distance. Thelen and
Anderson [68] computed excitation trajectories to simulate walking by performing
optimizations only at the current time instance. In biomechanics, optimization ap-
proaches are often classified into two categories: dynamic optimization and static op-
timization, which roughly corresponds to space-time optimization and online opti-
mization commonly used in computer graphics. Our muscle optimization is similar
to static optimization in the sense that control signals are optimized at every time
step. A fundamental difference is that these biomechanics approaches aim at finding
a single optimal trajectory performing a specific task, and lacks the ability to respond
to unexpected disturbances. Our goal is to find an optimal strategy having the ability
to interactively adapt.
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2.2.3 Controllers for Musculoskeletal Humanoids
Recently, graphics researchers have explored the simulation of muscle-actuated bipedal
locomotion with Hill-type muscle models. Wang et al. [74] presented a locomotion con-
troller for a simplified musculoskeletal model, which has eight muscles on each leg.
The muscle forces were applied only at the degrees of freedoms on the sagittal plane.
Geijtenbeek et al. [24] presented another muscle-based controller for various bipedal
creatures, in which both muscle routing and control parameters are optimized simul-
taneously. Mordatch et al. [47] proposed a trajectory optimization method to generate
walking, running and kicking motions actuated by muscles. These studies commonly




We present a dynamic controller to physically simulate under-actuated three-dimensional
full-body biped locomotion. Our data-driven controller takes motion capture refer-
ence data to reproduce realistic human locomotion through realtime physically based
simulation. The key idea is modulating the reference trajectory continuously and
seamlessly such that even a simple dynamic tracking controller can follow the refer-
ence trajectory while maintaining its balance. In our framework, biped control can be
facilitated by a large array of existing data-driven animation techniques because our
controller can take a stream of reference data generated on-the-fly at runtime. We
demonstrate the effectiveness of our approach through examples that allow bipeds to
turn, spin, and walk while steering its direction interactively.
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Figure 3.1: Our data-driven controller allows the physically-simulated biped char-
acter to reproduce challenging motor skills captured in motion data.
3.1 Overview
Physically simulating under-actuated biped locomotion has been a notorious chal-
lenge in computer graphics for two decades. Most of early biped controllers were
either manually designed and hand-tuned or relying on optimization with energy-
minimizing objectives. Though some of those controllers are very robust, they tend
to result in stereotyped gaits often looking robotic and lifeless. SIMBICON is an ex-
emplar of manually-crafted biped controllers, which is simple, easy-to-implement, and
remarkably robust [80]. Its robustness allowed it to be employed in further challenges
such as controller adaptation [79], composition [10] and stepping planning [11]. How-
ever, it is also true that SIMBICON generates stereotyped, marching-like gaits.
Recently, motion capture data were employed to achieve natural and realistic locomo-
tion from physically based controllers. Reference-tracking controllers pose yet other
challenges such as collecting physically-feasible training data and developing robust
feedback control algorithms for the tracking of reference trajectories and the mainte-
nance of balance.
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Our goal is to build full-body, three-dimensional locomotion controllers those are as
simple and robust as SIMBICON, and still can faithfully reproduce natural and realis-
tic locomotion guided by reference motion capture data. Our data-driven controllers
can generate a variety of locomotor behaviors, such as turning and spinning. The
key challenge of our approach is modulating a continuous stream of reference data
in a seamless way while synchronizing with forward dynamic simulation. Reference-
tracking controllers often fail when the swing foot lands on the ground earlier/later
than the reference data indicates. Because the ground reaction force is the only source
of control to balance under-actuated bipeds, unexpected changes in ground contacts
could easily drive the controllers to unrecoverable failure states. In this chapter, we
show that carefully synchronizing the reference trajectory and the simulated biped
at contact changes in a feedback loop allows us to achieve both the robustness of
feedback controllers and the quality of motion capture data simultaneously.
The biggest advantage of our approach is that physically based control can be facili-
tated by a large array of existing data-driven animation techniques. Our biped con-
trollers are equipped with a data-driven animation engine at the front end. The data-
driven engine generates a sequence of movement patterns by editing [39, 33], blend-
ing [56], retargeting [25], and composing [38, 35] motion fragments in the database.
In this framework, the role of dynamic controllers can be greatly simplified, that is,
tracking reference trajectories. We will demonstrate the effectiveness of our approach
through examples that allow bipeds to turn, spin, and walk while steering its direction
interactively.
Comparing to previous data-driven controllers, our controller requires neither any
Chapter 3: Data-Driven Biped Control 27
precomputed control model (such as regression models, LQR, or NQR) nor non-
linear optimization (such as quadratic programming). The model-free approach allows
our controllers to take any reference trajectory generated on-the-fly at runtime. It
also allows us to decouple the data-driven animation engine and physically based
controllers. Therefore, any existing data-driven techniques can be used to actuate
and drive physically simulated bipeds without any restriction or precomputation.
Our controller does not require the derivative evaluation of equations of motion or
a non-linear optimization solver. This makes our controller easy-to-implement and
computationally efficient.
3.2 System Overview
Our interactive biped control system consists of three main components (see Fig-
ure 3.2): Animation engine, data-driven control, and dynamic tracking control. The
animation engine provides the user with high-level control over the behavior of the
simulated biped through interactive user interfaces and generates a stream of move-
ment patterns by searching through the motion database. The stream of patterns
are fed into the reference motion queue and then consumed by tracking control that
drives the biped through forward dynamic simulation. The key challenge is with data-
driven control, which continuously modulates the reference trajectory such that even
a simple tracking controller can reproduce the reference motion. The role of data-
driven control is twofold: Maintenance of balance and synchronization between refer-
ence data and the actual simulation.
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Figure 3.2: System Overview
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Biped Model. Our biped model has 13 rigid body parts and 12 actuated ball-and-
socket joints connecting the body parts and is also a tree-structured model (Figure 3.3,
see Appendix B.1 for more details). The total degrees of freedom of the model is 42
including the six degrees of freedom at the unactuated root (pelvis).
The current configuration of the biped model are represented by P = (v0,q1,q2, · · · ,q12)
, where v0 ∈ R3 and q1 ∈ S3 are the position and orientation respectively, of the root,
S3 is the unit quaternion space, and qk ∈ S3 for k = 2, · · · , 12 is the relative ori-
entation of joint k with respective to its parent link. The reference frame of local
coordinate system of each body part is located at the position of the joint connecting
the body part and its parent (Figure 3.3).
The equation of motion of biped model is written as:
M(θ)θ̈ + c(θ, θ̇) = τ + JTc fc, (3.1)
where θ, θ̇, θ̈ are the generalized position, velocity and acceleration of all DOFs, M is
the inertia matrix, c represents the Coriolis, centrifugal and gravitational force. The
Jacobian matrix Jc maps the generalized velocity θ̇ to global velocities at contact
points. The fc is the contact force and computed by a penalty-based method. The τ
is the joint torques which are the control signal of our system. The forward dynamics
simulation engine takes τ and updates states of the biped. We used Virtual Physics
as the forward dynamics simulation engine [31].
Motion Fragments. We annotated motion capture data with ground contact in-
formation in a similar way as done by Lee et al. [38] and then segmented motion data
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Figure 3.3: The biped dynamic model has 13 body parts connected by 12 ball-and-
socket joints (left and middle). The reference frame of local coordinate system of each
body part is located at the position of the joint connecting the body part and its parent.
For example, the reference frame of the left femur is located at the left hip joint (right).
into fragments where ground contact changes. Each fragment contains a half-cycle
of locomotion starting from left foot landing to right foot landing or vice versa. Ex-
tended double stance phases (e.g., stop to stand still) and flight phases (e.g., broad
jump) are also segmented into fragments where double stance/flight begins or termi-
nates. Motion fragments thus obtained are maintained in a directed graph to allow
transitioning between them [38].
Motion Representation. The reference motion is represented in the same way





r(t), · · · ,q12r (t)) is a fragment of motion, where 0 ≤ t ≤ T is
the index of motion frames, where v0r(t) ∈ R3 and q1r(t) ∈ S3 are the position and
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orientation respectively, of the root, and qkr(t) ∈ S3 for k = 2, · · · , 12 is the relative
orientation of joint k with respective to its parent link.
Tracking Control. Tracking control attempts to follow a reference motion trajec-
tory. Our system used a controller similar to Macchietto et al. [45]. The desired ac-








r − q̇i) + q̈ir (3.2)
where q̈ides, q̈
i
r ∈ R3 are the desired and reference angular accelerations of ith joint,
q̇ir, q̇
i ∈ R3 are the angular velocities of ith joint of the reference motion and the
simulated biped, dq(q1,q2) = log(q
−1
2 ·q1) computes the difference between q1 and q2
where · represents quaternion multiplication, kit and kiv are gain parameters. q̇ir and
q̈ir are estimated from the reference motion data by finite differences. Joint torques
are computed from the desired joint accelerations using inverse dynamics and then
fed into a forward dynamics simulator to actuate the biped. This simple tracking
control is easy-to-implement and stable with small integration time steps. Note that
tracking control operates at the rate of 900 Hz for stability, while data-driven control
operates at 30 Hz to match the requirement of visual fidelity (see Figure 3.2). We
used Virtual Physics to solve inverse dynamics [31]. Because our bipeds are under-
actuated, we are unable to solve for joint torques those produce desired accelerations
at full degrees of freedom via inverse dynamics. The inverse dynamics of an under-
actuated system takes the desired accelerations at actuated joints and external forces
(including ground reaction force) as input, and produces output torques at actuated
joints. The accelerations at unactuated degrees of freedom (in our case, linear and
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angular accelerations of the root) are passively determined as a result of applying the
output torques to actuated joints. Therefore, the unactuated root cannot be directly
manipulated through explicit forces/torques, but can only be maneuvered indirectly
via harmonious coordination of actuated joints.
3.3 Data-Driven Control
Controlling a dynamic biped model to imitate biological locomotion captured from
a live actor is difficult because of many reasons. At first, the dynamic model has
fewer degrees of freedom than the actual human skeleton and idealized ball-and-
socket joints are different than human joints. The physical properties, such as mass
and inertia, are roughly estimated based on statistical data. Motion capture data
include measurement errors in estimating skeletal movements from markers placed
on deforming skin. On the other hand, forward dynamics simulation is sensitive to
input conditions and external perturbation. Tracking control of under-actuated bipeds
is particularly susceptible to even small deviation in ground contact from the reference
trajectory.
Our data-driven controller modulates the reference motion capture data actively and
continuously at runtime to compensate for the discrepancy between the desired ref-
erence motion and the actual simulation of a biped. Specifically, data-driven control
modulates lower limbs to actively maintain balance. It also adjusts the timing of mo-
tion to synchronize the reference data to the simulation.
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3.3.1 Balancing
Human balance behavior heavily relies on the hip joints and the stance ankle. As
pointed out by Wang et al. [72], the knees are often near-passive throughout the cycle
of natural human walking. We apply SIMBICON-style feedback control laws to the
hips and stance ankle.
Consider the reference motion fragment at top of the fragment queue at runtime.
Motion frames in the queue should be continuously modulated before consumed by
tracking control to compensate for possible loss of balance. Let M(tc) be the currently
referencing motion frame by the tracking controller. The current pose P is supposed
to match M(tc) in the reference motion, but may deviate in general. For this reason,
simply feeding its subsequent frame M(tc+1) to tracking control would not guarantee
stable and precise simulation. Instead, we compute an error-compensating, balance-
recovering target pose P̂ at every time instance by applying feedback control laws.
It guides tracking control to better follow the reference motion. A continuous stream
of target poses computed based on motion capture reference data allows our tracking
control to be much less stiff than SIMBICON, which uses PD servos with sparse key
poses [80].
The target pose P̂ is constructed in three steps starting from the corresponding
reference frame M(tc + 1). We first decide its stance hip angle with respect to its
pelvis orientation and then elaborate on the swing hip and the stance ankle to yield
balance feedback. The swing leg is further adjusted for better tracking.
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d
v
Figure 3.4: Feedback parameters d and v in the sagittal plane. The center of the
pelvis is used as a proxy of the center of mass.
Feedback on Stance Hip. For an under-actuated system, we do not have a di-
rect control over its root (pelvis), but it can be controlled indirectly by modulating
the stance leg. Let qpelvis ∈ S3 and qhip ∈ S3 be the orientation of the pelvis and
the stance hip with respect to a global, reference coordinate system. We take pelvis
orientation qpelvis from reference frame M(tc + 1) and hip orientation qhip from the
current configuration P to compute the desired hip joint angle qd = q
−1
pelvisqhip. The
feedback rule to achieve the desired stance hip angle is:




where qstance hip is the stance hip angle of the target pose, qsth is the angle of the
stance hip at M(tc + 1), and c0 is a feedback gain. Transition function sstance(t)
defined over the stance interval allows this feedback control to engage gradually not
to make abrupt thrust at the beginning of the stance phase.
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Figure 3.5: Feedback on Stance Hip. The stance hip affects the balance of the up-
perbody directly. The target hip angle is first determined to guide the biped to recover
its upright pose.
Feedback on Swing Hip and Stance Ankle. Our feedback rule on the swing hip
is similar to the one of SIMBICON, which monitors the location and velocity of the
center of mass (COM) to modulate the swing hip angle. We instead use the relative
location and velocity comparing to the reference data. We will explain the feedback
rule in two-dimensional sagittal plane for simplicity and clarity. The same procedure
should be applied in the coronal plane as well for lateral balancing. Let v and d be the
horizontal velocity and location, respectively, of the COM with respect to the stance
foot position (see Figure 3.4). Let vd and dd are their desired values estimated from
the reference data. Then, the feedback rule is:
θswing hip = θswh +
(
c1(vd − v) + c2(dd − d)
)
sswing(t), (3.4)
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where θswing hip is the swing hip angle of the target pose, θswh is the angle of the
swing hip at M(tc + 1), c1 and c2 are feedback gains, and transition function sswing(t)
is defined over the swing phase. Similarly, the feedback rule on the stance ankle is
defined:
θstance ankle = θsta +
(
c3(vd − v) + c4(dd − d)
)
sstance(t), (3.5)
where θstance ankle is the stance ankle angle of the target pose, θsta is the angle of the
stance ankle at M(tc + 1), and c3 and c4 are feedback gains. Intuitively speaking, if
the current speed is faster than the reference suggests (vd < v) or the biped leans
forwards (dd < d), the biped slows down by extending the stance ankle and landing
the swing foot forward farther than the reference trajectory indicates. Conversely, if
the current speed is slower than the reference (vd > v) or the biped leans backwards
(dd > d), the biped accelerates by bending the stance ankle and landing the swing
foot closer.
The sagittal and coronal planes change rapidly for turning and spinning motions and
sometimes this can be a source of instability. We used a vertical plane containing a
moving direction vector and its perpendicular vertical plane, instead of sagittal and
coronal planes, to deal with rapid rotational movements.
Feedback for Swing Foot Height. The simulated biped easily loses its balance
when its swing foot mistakenly touches the ground. Our controllers modulates the
height of the swing foot from the ground surface with a feedback rule:
hswing height = hswh +
(
c5(hd − h) + c6(ḣd − ḣ)
)
sswing(t), (3.6)
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Figure 3.6: Feedback on Swing Hip and Stance Ankle. After adjusting the stance
hip angle, we adjust the swing hip and the stance ankle to make a narrower step. It
helps the biped to lean forward.
where hswing height is the target height of the swing foot, h and ḣ are the current height
and its time derivative, hd and ḣd are their desired values estimated from the reference
data, and c5 and c6 are feedback gains. Given the target height, we used an inverse
kinematics solver developed by Lee and Shin [39] to adjust the target pose.
3.3.2 Synchronization
Let M(t) be a motion fragment at top of the queue and M′(t) be its subsequent
motion fragment awaiting in the queue. Since we segmented motion data at contact
changes, there must be a contact change between the two motion fragments. Typically,
for locomotion, a swing foot of M lands on the ground at the beginning of M′.
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Figure 3.7: Feedback for Swing Foot Height. Additionally, the biped may adjust the
height of the swing foot to match the swing duration of the reference data. This also
maintains appropriate ground clearance to avoid inadvertent tumbles.
In the tracking simulation loop, the swing foot may touch the ground earlier or later
than the reference motion indicates even with feedback control. Assume that the
tracking controller is currently referencing M(tc) when the swing foot is landing. The
target pose P̂ computed based on feedback rules may deviate from the reference frame
M(tc) in general.
Here, we use mathematical notations introduced in [37] to represent motion displace-
ments.
Definition 1. The displacement between two articulated figure poses can be denoted by
an array of linear and angular displacement vectors D = (u0,u1, · · · ,un) ∈ R3(n+1).
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Primitive operations between poses and displacements are defined:
P1 ⊗P2 = (q11v02q11−1 + v01,q11q12, · · · ,qn1qn2 )
P1 P2 = (q12−1(v01 − v02)q12−1,q12−1q11, · · · ,qn2−1qn1 )
D1 ±D2 = (u01 ± u02, · · · ,un1 ± un2 )
α ·D = (αu0, · · · , αun)
ẽxp(D) =
(











where α ∈ R is a scalar value, Pi = (v0i ,q1i , · · · ,qni ) and Di = (u0i ,u1i , · · · ,uni ).
Intuitively speaking, the “difference” between two poses yields displacement P1 P2.
The power (P1 P2)α scales the displacement linearly by a factor of scalar value α.
“Adding” the scaled displacement to pose P yields another pose P′ = P⊗ (P1P2)α.
If the actual contact was earlier, the remaining frames of M is dequeued and the next
fragment M′ shifts to the top of the queue. At that moment, M′ should be warped






where P̂M′(0) is the displacement between the two poses. r(t) is a smooth transition
function, which is one at the beginning of M′, zero at the end, and its derivatives
are zero at both ends (see Appendix A.1). Intuitively speaking, the displacement at
the beginning of M′ propagates gradually to its subsequent frames to make seamless
transition. The transitioning period should be as long as possible to achieve smoothest
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visual transition. One exception is the stance foot, which supports the entire body
mass. Even a small deviation at the stance foot may influence the fullbody balance
significantly. Transitioning of the stance ankle is handled differently than other joints.
At first, a quicker transition of the stance foot usually better stabilizes the next stride.
In our experiments, transition function r(t) was set to vary from one to zero over the
duration of M′ (usually, a half cycle of locomotion) excepting for the stance ankle,
which completes its transition in 1/5 of the half-cycle duration. Secondly, the angle
of the stance foot with respect to the ground surface is more important than tracking
the joint angles. Therefore, the target angle of the stance ankle at the end of the
transitioning is set such that the angle between the stance foot and the ground surface
matches the reference data.
If the actual landing was later than the reference indicates, there are no reference
data to follow until the swing foot touches the ground and the next reference motion
engages. We expands the current reference motion by integrating joint angles with
constant velocities at the end of M excepting for the stance leg. Similarly expanding
the stance-leg motion tends to make it push off the ground with too much thrust.
Therefore, we leave the hip, knee and ankle of the stance leg fixed while the reference
motion is expanded.
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Figure 3.8: Synchronization in early landing case. In the tracking simulation loop,
the swing foot may touch the ground earlier or later than the reference motion indi-
cates even with feedback control. Grey dotted lines show the moments when the swing
foot lands on the ground in the reference motion.
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Figure 3.9: Synchronization in early landing case. When early landing occurs, the
remaining frames of the current half-cycle fragment are dequeued.
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Figure 3.10: Synchronization in early landing case. After dequeueing, the next
fragment is warped to make a smooth transition, and the simulation keeps going on.
Chapter 3: Data-Driven Biped Control 44
Figure 3.11: Synchronization in delayed landing case. If the swing foot lands on the
ground later than the reference motion, there are no reference frames to follow in this
fragment until the swing foot touches the ground. We expands the original reference
motion by integrating joint angles with constant velocities at the end.
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Figure 3.12: Synchronization in delayed landing case. If the contact occurs, the next
fragment is warped to make a smooth transition.
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Figure 3.13: Synchronization in delayed landing case. After warping to make a
smooth transition, the simulation keeps going on.
3.4 Results
All motion data in our experiments1 are from SNU motion database [61] and were
originally captured using a Vicon optical motion capture system at the rate of 120
frames/second and then down-sampled to 30 frames/second. Motion data include
walking in a variety of different speeds, turning angles and styles. It also includes
sharp U-turning and spinning (see Figure 3.14 for more details). We lifted up the swing
foot trajectory slightly in the motion data of turning, spinning and interactive control
examples which have low step height. We set dynamics and integrator parameters to
achieve robust simulation in a conservative manner while maintaining the performance
of realtime simulation at the rate of 30 frames/second. The ground reaction is modeled
1You can download all motion data from http://mrl.snu.ac.kr/research/
ProjectDataDrivenBiped/DataDrivenBipedControl_2010_motion.zip
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c1_sag c1_cor c2_sag(+) c2_sag(-) c2_cor c3_sag c3_cor
Walking
Walk Forward Normal 0.05 0.2 0.2 0.05 0.2 0.1 0.1
Walk Forward Slow 0.05 0.25 0.5 0.05 0.2 0.1 0.1
Walk Forward Fast 0.05 0.3 0.5 0.05 0.2 0.1 0.1
Walk Forward Gentle 0 0.3 1.2 0.05 0.2 0.1 0.1
Walk Wide Swing 0.05 0.2 0.3 0.05 0.2 0.1 0.1
Walk Brisk 0 0.3 0.2 0 0.2 0.1 0.1
Walk March 0 0.3 0.2 0.05 0.2 0.1 0.1
Walk Backward 0.1 0.3 1 0 0.3 0.3 0.3
Spinning, Turning
Walk Left 45 Degree 0.1 0.4 0.7 0.05 0.2 0.1 0.1
Walk Left 90 Degree 0 0.3 0 0 0.2 0.1 0.1
U-turn 0.05 0.3 1.2 0.05 0.2 0.1 0.1
Spin 0.2 0.2 0.7 0.05 0.2 0.1 0.1
Robustness to Pushes
Walk Forward Normal 0.05 0.25 1.7 0.1 0.3 0.1 0.1
Interactive Control
Stop to Walk 0.1 0.25 1 0.05 0.3 0.1 0.1
Normal Walk 0 0.3 1.8 0 0.2 0.1 0.1
Left / Right Turn 90 0.1 0.3 1.5 0.05 0.4 0.1 0.1
Left / Right Turn 135 0 0.3 2 0.05 0.4 0.1 0.1
Left / Right Turn 180 0.1 0.3 2 0.05 0.3 0.1 0.1
Fast Walk 0 0.25 1 0 0.3 0.1 0.1
Walk Style1 0.1 0.4 0.5 0.05 0.4 0.1 0.1
Walk Style2 0.1 0.3 0.5 0.1 0.3 0.1 0.1
Figure 3.14: Motion data in our experiments and their corresponding feedback gains.
The gains are different for sagittal and coronal planes. “+” is for vd − v > 0 or
dd − d > 0 and “-” is for vd − v < 0 or dd − d < 0. c0 = 1, c4 = 0.1, c5 = 0.5, and
c6 = 0.02 for all examples.
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as a damped spring. The ground spring and damping coefficients are ks = 2000N/m
and kd = 2
√
ks = 89.4Ns/m, respectively.
Feedback Parameters. All feedback gains are summarized in Figure 3.14. Parame-
ters were manually tuned for each motion data. Parameter tuning was not formidable
because each parameter has an intuitive meaning and many of gains are simply con-
stant for all motion data. Most of motion data can be stably reproduced for a wide
range of parameter choices excepting for several very challenging examples, such as
spinning, which requires careful parameter tuning (see the accompanied video). Most
of our controllers generated stable cycles and became resilient to mild pushes with-
out position feedbacks, that is, c2 = c4 = 0. Without external perturbation, the ve-
locity feedback alone allows the reference trajectory to be followed closely and thus
the position feedback has nothing to do with balancing. However, external pushes
would make the simulation to deviate from the reference trajectory and the position
feedback would play an important role. Therefore, we first tune c1 and c3 to achieve
stable cycles without any external perturbation and then tune c2 and c4 later in the
presence of random pushes at the center of mass.
Locomotion Control. Our biped character is able to reproduce various gaits of
human walking (see Figure 3.15). Each motion clip recorded a subject standing still,
starting to walk, taking 6 to 8 steps, and then stopping. Representing motion data
as a motion graph allows us to produce an arbitrarily long sequence of locomotion by
splicing walking steps. Our biped can track an arbitrary combination of locomotion
steps including slow/fast walking, turning of different angles, and different gaits.
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Figure 3.15: Data-driven biped simulation from motion capture data including (top to
bottom) WalkForwardNormal, WalkBrisk, WalkMarch, WalkBackward, U-turn, and
Spin.
Chapter 3: Data-Driven Biped Control 50
Effects of Individual Components. Our controller consists of several components
for balancing, tracking, and synchronization. Disabling any of these components would
result in either falling over in several steps or the degradation in motion quality. We
evaluated the effect of each component by disabling each one at a time for a variety
of walking data:
• Disabling synchronization always leads to falling over in 3 to 6 steps.
• Disabling the feedback on a stance hip makes the torso to lean and eventually
leads to falling over in 2 to 4 steps.
• Disabling the feedback on a swing hip makes the character to lean to one side
and eventually leads to falling over in 6 to 10 steps.
• Disabling the feedback on a stance ankle or swing foot height managed to avoid
falling over for some gaits, but the motion looks unnatural.
Robustness under Various Conditions. We tested our walking controller on var-
ied simulation conditions to evaluate its robustness (see Figure 3.16). Our controller
generated stable cycles of walking for up to 15 Kg of extra weight on one leg, 50%
longer legs, 50% shorter legs, one leg 3% shorter than the other, up and down slopes
up to 6 and 4 degrees respectively, 60% to 1200% variations of friction coefficients.
These numbers were acquired from the same reference data and the same parameters
with those used in walking examples. The limits can be significantly improved if we
adapt the reference data kinematically to the varied conditions [39].
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Figure 3.16: Our walking controller has been tested under varied simulation condi-
tions. (left to right, top to bottom) Original character, extra weight on the leg, longer
legs, the left leg shorter than the right leg, shorter height and the same weight, shorter
height and lighter weight
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Robustness to Pushes. We quantified the robustness to external disturbances with
push experiments similar to Wang et al. [72]. The body mass and simulation coef-
ficients were set to match those of SIMBICON [80] as much as we could. However,
we were unable to conduct the comparison test under the exactly same condition.
Once the biped entered into stable cycles, we applied forces of 0.4 seconds duration
to the center of mass of torso once every 4 seconds for 40 seconds. The controller
passes the push-resilience test if the biped is still walking stably after 40 seconds.
For Walk Forward Normal data, our controller withstands pushes up to 160N, 130N,
80N and 105N from front, rear, right and left, respectively. Because the robustness is
influenced by the size and scale of the body, a type of gaits, walking speed, and many
other factors, direct comparison to the previous results would be difficult. Roughly
speaking, the results indicate that our controller is about as robust as the controller
proposed by Wang et al. [72] and less robust than SIMBICON.
Interactive Control. Our model-free approach allows us to blend a set of motion
data on-the-fly and feed inbetween data to the controller. The feedback gains are also
interpolated at the same ratio as motion data. The motion set includes turning in 90,
135, and 180 degrees, straight walking at normal/fast speeds and two different gaits.
Motion blending and transitioning are computed in the data-driven animation engine
and our controller simply tracks a stream of reference data generated at the animation
engine. Our biped character can steer in arbitrary turning angles, change its speed,
and make transition between different gaits. The user can control the biped character
interactively by specifying walking direction, speed and a type of gaits through simple
user interfaces. Our controller allows the biped to respond to external perturbations,
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such as intentional pushes and collision with stacked boxes (see Figure 3.17).
3.5 Discussion
Biped control requires two essential mechanisms for shaping trajectories and robust
balancing/tracking control. Our work is perhaps emphasizing the importance of tra-
jectory shaping. Motion capture reference data allowed our controller to generate re-
alistic human locomotion. Even balance control was achieved in a data-driven man-
ner by modulating reference trajectories. Presumably, advanced control methodolo-
gies would improve our work in several directions. Regression-based approaches [62]
would allow us to represent natural variations of locomotion in statistical models,
which would cope with variations in environments and simulation conditions. Ad-
vanced optimal control methods, such as LQR [12] and NQR [49], would allow less
stiff systems for tracking control. Even with such expected advantages, we were un-
able to employ sophisticated control methods because those methods require all ref-
erence data be prepared for preprocessing. No reference data generated on-the-fly
could be fed into the controller. This restricts the flexibility and versatility of biped
control. Designing robust model-free controllers would be an important advance in
biped control. We can also think of online model learning that builds a control model
incrementally at runtime.
Our controller is more robust if it sacrifices its motion quality by maintaining the
direction of the stance foot to match the angle of the ground surface while in contact.
It means our controller becomes less robust with more natural stance phases including
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Figure 3.17: A interactively-controlled biped navigating through stacked boxes.
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heel-strike, midstance, and toe-off. In our push experiments, a controller with its
stance foot angle fixed with respect to the ground tends to withstand stronger pushes
by 10N to 20N. A similar observation was reported by Wang et al. [72]. The loss
of robustness is probably related to inaccurate modeling of the foot. Since our foot
model is rigid, it usually have a small contact region on which ground reaction forces
are applied. This makes the stance foot to wobble in the simulation. More realistic
foot models might improve the robustness of our controller.
Ideally, reference motion data should be physically feasible for best tracking perfor-
mance, though motion capture data are in general physically imprecise. Some of pre-
vious approaches [62, 49] preprocessed motion data to make them physically feasible
via spacetime optimization. Spacetime optimization of three-dimensional, full-body
motion data is notorious for its challenging nature of numerical instability and heavy
computational burden. We did not employ such optimization in our experiments be-
cause our feedback rules worked effectively with our test data. However, we suspect
that optimized reference data would allow our controller to be more robust and to
follow the reference data more precisely. The optimization of reference data would





We present a biped locomotion controller for humanoid models actuated by more
than a hundred Hill-type muscles. The key component of the controller is our novel
scalable algorithm that can cope with step-based biped locomotion balancing and the
coordination of many nonlinear Hill-type muscles simultaneously. Minimum effort
muscle activations are calculated based on muscle contraction dynamics and online
quadratic programming. Our controller can faithfully reproduce a variety of realistic
biped gaits (e.g., normal walk, quick steps, and fast run) and adapt the gaits to varying
conditions (e.g., muscle weakness, tightness, joint dislocation, and external pushes)
and goals (e.g., pain reduction and efficiency maximization). We demonstrate the
robustness and versatility of our controller with examples that can only be achieved
using highly-detailed musculoskeletal models with many muscles.
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4.1 Overview
Reproducing realistic human locomotion in physically based simulation has been a
long-standing goal of computer graphics research. Many biped controllers in computer
graphics assumed a linked structure of rigid bodies connected by idealized joints that
can generate arbitrarily large torques along any directions immediately whenever
needed. Such simplified body and actuation models made balance control and tra-
jectory tracking plausible for full-body locomotion and even for acrobatic full-body
actions. Recently, there have been continuous efforts to simulate and control muscle-
actuated mechanisms to reproduce more realistic human locomotion.
The human body has over 700 skeletal muscles and 200 of them are especially im-
portant for locomotion because they move large bones. Harmonious coordination of
many muscles results in complex human movements. Designing a control law for a
many-muscle actuated humanoid poses several challenges: underdetermined control
systems, the complexity of muscle contraction dynamics, and integrated controller
design. The coordination of many muscles is inherently underdetermined since there
are more muscles than the number of body degrees of freedom to actuate. Multiple
sets of muscle actuations can lead to the same set of joint torques, and thus the same
resulting motion. Moreover, it is often unclear which motion is best suited to given
tasks under various intentions or conditions. The best one should be determined in
a given situation. Secondly, the contraction dynamics of each individual muscle is
a highly nonlinear process, which is often modeled using a three-element Hill-type
model. The torque generated by an individual muscle depends on many factors such
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as the geometry of joints and bones, the level of muscle activation, muscle length, and
the velocity of muscle contraction. It is often impossible to generate an exact torque
immediately, which can only be achieved through a dynamic process. Thirdly, due to
the complexity of muscle dynamics, it is difficult to simply replace idealized joints with
muscle-based actuators in existing biped controllers. Instead, the controllers should
be completely redesigned to integrate fully functioning muscle dynamics.
In this chapter, we present a new muscle-actuated biped controller that scales well to
cope with highly detailed musculoskeletal models having more than a hundred mus-
culotendons. In biomechanics, such highly detailed musculoskeletal models have often
been used for static analysis of human movements, but have not been employed to
design locomotion controllers. Our controller is equipped with a step-based balance
mechanism to reproduce a variety of human gait patterns, ranging from low-energy
normal walk to highly energetic quick steps, while being resilient to external pertur-
bations.
Our controller has two major technical components, muscle optimization and trajec-
tory optimization, which integrate muscle actuators seamlessly into an existing step-
based feedback controller. Given a reference motion of arbitrary gait patterns, muscle
optimization calculates the optimal coordination of muscle activations to track the
reference motion while resolving actuation redundancy by minimizing efforts. Since
muscle actuations are computed on a per-frame basis, the solution is optimal only
instantaneously. Our trajectory optimization actively modulates the full cycle (half
cycle if the gait is symmetric) of the reference motion so that muscle dynamics can
be accounted for in a longer horizon. The reference motion is optimized at the pre-
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processing phase and the user can choose to reproduce the reference motion as closely
as possible or adapt the motion to meet new conditions and intentions at runtime
simulation.
We demonstrate the robustness and applicability of our controller using three mus-
culoskeletal models that walk and run in many different gaits. Each individual gait
can be adapted to new body conditions (e.g., muscle weakness, tightness, dislocated
joints, and external pushes) or new objectives (e.g., pain reduction and efficiency max-
imization). Our many-muscle controller can reproduce the subtle nuances of patho-
logic gait conditions to match real patient data.
The key advantage of our many-muscle controller with respect to previous work is its
scalability; it can control highly detailed musculoskeletal models, reproduce arbitrary
gait patterns, adapt to a wide range of body conditions and optimization objectives.
The scalability allows the controller to capture, generate, and adapt detailed nuances
of biped gait patterns.
4.2 Humanoid Models
Our humanoid models are based on public-domain musculoskeletal models in the
OpenSim file format [18]. We use three humanoid models in our experiments having
25 to 39 degrees of freedom (DOFs) and 62 to 120 muscles. Two of them are without
arms as shown in Figure 4.1 (see Appendix B.2 for details). The height and mass
of all models are about 180 cm and 75 kg. All DOFs of the models are actuated
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Figure 4.1: Three musculoskeletal models. The gait2562 model on the left has 25
DOFs and 62 muscles, the gait2592 model at the middle has 25 DOFs and 92 muscles,
and the fullbody model on the right has 39 DOFs and 120 muscles.
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by Hill-type musculotendon actuators [81], which is commonly used in biomechanics
research (Figure 4.2).
A musculotendon actuator generates force depending on its activation level and other
internal states. The generated force is transmitted to bones through the attachment
points of the musculotendon actuator. The positions of the attachment points deter-
mine the lines of action of the transmitted forces. In the remainder of the thesis, we
use the term “muscle” to indicate “musculotendon” or “musculotendon actuator” for
convenience, except for being used as “muscle fiber”.
4.2.1 Muscle Force Generation
The contraction dynamics equation of the Hill-type muscle model describes the be-
havior of the three components of a musculotendon actuator: a serial element, a con-
tractile element, and a parallel element (Figure 4.2), which represents the tendon, the
muscle fiber and the elastic material parallel to the muscle fiber, respectively. The
contractile element generates active force fce based on the activation input, while the
tendon force ft and parallel element force fpe are generated passively. According to
Zajac [81], the relationship between these forces is described as:
fmt = ft = fm · cos(α) = (fce + fpe)cos(α), (4.1)
where fmt is the musculotendon actuator force, fm is the force acting on the muscle
fiber, and α is the pennation angle which is the angle between the tendon and the
muscle fiber. We take the pennation angle into account to model the musculotendon
actuator of a human accurately.
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Figure 4.2: The Hill-type muscle model is composed of a serial element (SE), a
contractile element (CE), and a parallel element (PE).
The contraction dynamics equation transforms the input activation level to the mus-
culotendon force. We can compute the forces of each component in the Hill-type mus-
cle model as follows:
ft = gt(lt), (4.2)
fce = a · gal(lm) · gv(l̇m), (4.3)
fpe = gpl(lm), (4.4)
where gt, gal, gpl, and gv are the force-length relationship of the tendon, the active
force-length relationship of the muscle fiber, the passive force-length relationship of
the muscle fiber and the velocity-force relationship of the muscle fiber, respectively.
Here lt, lm, l̇m, and a are the length of the tendon, the length and the velocity of
the muscle fiber and the activation level, respectively. Note that lt = lmt − lmcos(α),
where lmt is the length of the musculotendon actuator which is determined based on
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the current pose of the humanoid model. We use a modified version of the contraction
dynamics equation proposed by Thelen [67] (see Appendix C.1 for more details about
how to calculate gt, gal, gpl, and gv).
By rearranging Equation (4.1), (4.2), (4.3), and (4.4), the muscle fiber force fm can
be obtained:
fm = a · gal(lm) · gv(l̇m) + gpl(lm). (4.5)
The time-derivative of the lengths of the muscle fibers l̇m can be written as a function
of a, lm, and fce:
l̇m = g
−1
v (a, lm, fce). (4.6)
Our system updates the muscle fiber length lm by integrating l̇m numerically. The
initial values of a and lm are provided as described in Appendix C.2.
Additionally, we employ a passive damping element parallel to the contractile element.
A nonzero damping term is practically useful to make the simulation stable because
Equation (4.6) has a singularity issue when a is close to zero [59]. Adding a damping
term, the muscle dynamics equation becomes
fm = a · gal(lm) · gv(l̇m) + gpl(lm) + b · l̇m, (4.7)
l̇m = g
−1
v (a, lm, fce − b · l̇m), (4.8)
where b is a damping coefficient that is set to 0.05 for all muscles. (Appendix C.1
describes how we calculate the inverse of the velocity-force relationship equation
g−1v ).
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4.2.2 Muscle Force Transfer
In the human body, each muscle has two ends attached to bones called the inser-
tion and the origin. A muscle transfers its force to the bones through the insertion
and the origin, of which the shapes are points, lines or areas. Our humanoid model
simplifies insertions and origins as attachment points assuming all muscles are thin.
Some muscles pass over the surfaces of other bones or muscles, and transfer some
portion of their forces to them through muscle contact points (Figure 4.3). Contacts
points between a muscle and a bone are implemented using conditional contact points
that simulate the generation and elimination of contact points depending on the joint
configurations [18].
Let bi denote the ith bone of the model, mj be the jth muscle, pkj be the position of the
kth attachment point or conditional contact point of mj in the global coordinate, bkj be
the bone on which pkj is attached or contacted. Here p
k
j is indexed such that p
k−1
j and
pk+1j are adjacent points of p
k
j and are included in Pj which is the set of attachment
points and contact-maintaining conditional contact points of mj (Figure 4.3). We
note that all elements of Pj are termed attachment points in the remainder of the
paper for simplicity.








j through the path from p
1
j
to pnj . This is physically identical to the situation in which every pair of neighboring
attachment points pulls each other with f jmt because the magnitude of the tensional
force is equal at any point on mj and the direction of the tensional force changes
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Figure 4.3: Force transfer of a sartorius muscle which is a biar-
ticular muscle (m1) connecting the tibia (lower leg), femur (upper
leg), and pelvis as shown on the right. Attachment points p11, p
2
1,
p31 are on the tibia bone (b
1), p41 is on the femur (b
2) and p51 is on
the pelvis (b3). The muscle force f 1mt pulls together a pair of points
(p31,p
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1). The same amount of force acts






1) but cancels out because the
points are attached to the same bone.
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through the path. The two force vectors fk−j and f
k+
















Here f1−j and f
n+




j are respectively the first and last attachment
points of mj.
If adjacent points pkj and p
k+1









j cancel each other out and do not have any effect on the entire body (see
Figure 4.3 for an example). We exclude those points from Pj to improve simulation
performance.
4.2.3 Equation of Motion
The equation of motion of the humanoid model is written as:
M(q)q̈ + c(q, q̇) = JTa fa + J
T
c fc, (4.10)
where q, q̇, and q̈ are the generalized position, velocity and acceleration of all DOFs,
M is the inertia matrix, and c represents the Coriolis, centrifugal and gravitational
force. The Jacobian matrices Ja and Jc map the generalized velocity q̇ to the global
velocities at the attachment points and ground contact points, respectively. The vector
fa is the muscle forces at all attachment points which aggregates all f
k{−,+}
j of the
model and fc is the ground contact force, which can be formulated as
fc = Vcλ, (4.11)
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where Vc is the linearized friction cone basis vectors, and λ is a coefficient vector.
The muscle forces fa can be expressed as:
fa = VaCfmt, (4.12)
where Va is unit direction vectors of all muscle forces f
k{−,+}
j , C is the converting
matrix that relates the indices of muscles to the indices of attachment points, and fmt
is the aggregate vector of all scalar musculotendon forces f jmt.
Substituting the contraction dynamics equation (4.7) into Equation (4.12) transforms
the input activation level to the musculotendon force:
fa = VaCP(Aa + p), (4.13)
where P is a diagonal matrix containing the cosines of the pennation angles, and a
is the muscle activations. A is a diagonal matrix containing the active force scaling
parameters gal(lm) · gv(l̇m) for all muscles. p is a vector containing coefficients for the
passive forces and passive damping elements gpl(lm) + b · l̇m for all muscles. Given
the assumption that our Hill-type muscle model is mass-less, the change of activation
a immediately affects the muscle fiber lengths lm and its time-derivatives l̇m, which
in turn determines the musculotendon force fmt according to the nonlinear muscle
dynamics equations (Equation (4.1), (4.2), and (4.7)). A and p linearize this highly
nonlinear relationship between the activation a and force fmt around the current
values of lm and l̇m such that they can be used in the quadratic program formulation
of the muscle optimization. The final form of the equation of motion is:
M(q)q̈ + c(q, q̇) = JTa VaCP(Aa + p) + J
T
c Vcλ. (4.14)
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4.3 Muscle Optimization
The goal of the muscle optimization is to find the optimal coordination of muscle acti-
vation levels to control the musculoskeletal model. The muscle optimization is seam-
lessly integrated as a part of our controller and invoked in a per-frame basis. At every
time step at runtime, our many-muscle controller adjusts the reference motion using
a balance strategy presented by Kwon and Hodgins [36], which plans the balance-
recovering reference motion instantaneously based on the estimated pendulum state,
and then optimizes muscle actuations to track the adjusted reference motion.
4.3.1 Objectives
The optimization at runtime uses four objectives to minimize efforts, contact forces,
deviation from the reference motion, and deviation from the end-effector trajectories.
All terms are instantaneous and formulated as a quadratic form with respect to op-
timization variables q̈, a, and λ.
Effort. Minimizing effort is important in solving the underdetermined muscle actu-
ation problem in that the best muscle actuations among many possible coordinations
can be found. The sum of squared activations measures instantaneous effort at any
instance.
Lef = ‖a‖2. (4.15)
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Contact Force. Minimizing contact force reduces the impact from the ground and
thus improves the stability of control.
Lcf = ‖λ‖2. (4.16)
Tracking. We compute the desired acceleration q̈d to track the balance-recovering
reference motion as follows:
q̈d = kpfdiff(qr,q) + kd(q̇r − q̇) + q̈r, (4.17)
where qr, q̇r and q̈r are the reference position, velocity and acceleration of all DOFs,
and kp and kd are the tracking gains. The function fdiff computes the difference
between two positional DOFs depending on the type of the corresponding joints. We
use kd = 2
√
kp for critical damping. The tracking objective minimizes the difference
between q̈d and q̈:
Ltr = ‖q̈d − q̈‖2. (4.18)
End Effectors. Foot-step planning is essential for the biped to maintain its bal-
ance. The end-effector objectives reinforce the end-effectors to track their desired po-
sitional/angular trajectories more accurately. We apply the end-effector objectives for
both feet and the torso.
Liee = ‖ÿid − ÿi‖2, (4.19)
where ÿid and ÿ
i are the desired and actual acceleration of the ith body part. The
desired acceleration is linearly proportional to the position and velocity differences
between the desired and the current end-effector configurations.
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4.3.2 Constraints
We use one equality constraint, the equation of motion in (4.14), to make the simula-
tion and control physically plausible. Inequality conditions are used for the Coulomb
ground contact model and the ranges of the muscle activations. The ground contacts
are formulated as:
λ ≥ 0, (4.20)
VTc Jcq̈ + V
T
c J̇cq̇ + V̇
T
c Jcq̇ ≥ 0, (4.21)
which respectively are the friction cone condition and the non-penetration, non-
slipping condition [16]. The muscle activations are in the range of 0 and 1.
0 ≤ a ≤ 1. (4.22)
The muscle activation level is zero when a muscle is fully relaxed exerting no active
force, and one when a muscle is exerting its maximum active force.
4.3.3 Quadratic Programming Formulation
The muscle optimization step is formulated as a quadratic program using the objec-
tives and linear constraints stated above:
minimize
q̈,a,λ





ee + lcfLcf , (4.23)
subject to Equation (4.14), (4.20), (4.21), and (4.22), (4.24)
where lef , ltr, l
i
ee and lcf are the weight constants for each objective and i ∈ {left foot,
right foot, torso}.
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4.4 Trajectory Optimization
The functionality of our trajectory optimization is twofold. It modulates the reference
motion at the preprocessing phase such that our runtime controller can reproduce the
original reference motion more accurately and robustly. It also allows us to change the
reference motion more aggressively to adapt to new conditions and requirements. In
the latter case, the original reference motion serves as an initial guess of the optimized
solution.
In the offline trajectory optimization, we optimize only the feet trajectories to adapt
since the feet trajectories are the most essential components of full body gaits. Even
through only the feet trajectories are optimized, the impact of the change often affects
the runtime controller to make a full body change of the simulated motion. Each of the
feet trajectories is represented by offsets of the swing and the stance foot position from
the corresponding reference foot position at three uniformly distributed keyframes.
Assuming the symmetry of the gait, the dimension of the search space is 18 (6 offset
points in 3D space). The offsets are applied to the balance-recovering reference motion
that is tracked in the muscle optimization.
The trajectory optimization uses five objective terms. The first two terms are manda-
tory involving essential functionalities (trajectory tracking and balancing) of the con-
troller, while the others are optional terms that we can choose to specify new require-
ments for motion adaptation. All terms are designed to account for longer horizon of
gait patterns.
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Pose Difference. Being able to faithfully reproduce any given reference motion is






where Nfall is the number of simulation time slots before falling down and fpdiff com-
putes the pose difference by point cloud matching.
Falling Down. The humanoid model should maintain its balance not to fall over.








where Nfinal is the total number of simulation time slots. If the model does not fall
down during the simulation, Gfd is zero.
Efficiency. The metabolic energy consumption has often been employed to measure
the effort of locomotion in literature. We found that minimizing energy consumption
generally leads to slow walk with a shorter stride. Instead, we use the efficiency term
that measures energy consumption per unit moving distance, similarly to those used







where Ė is the current rate of metabolic energy expenditure [74] and D is the total
moving distance before falling down.
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Contact Force. The contact force objective with longer horizon is motivated by






where f ic is the resultant contact force of the i
th foot, i ∈ {left foot, right foot}.
Muscle Force. We introduce the muscle force objective to simulate another form
of pain-avoidance behavior. Minimization of the force of a specific muscle can be






where f jmt is the musculotendon force of the j
th muscle.
The total objective function is:















mf are weight constants. To evaluate Equation (4.30), we
run a simulation of 8 to 15 gait cycles using the runtime controller. The landscape
of Equation (4.30) is highly-nonlinear and even discontinuous, and thus difficult to
optimize. To minimize the objective function, we use the Covariance Matrix Adap-
tion (CMA) algorithm [26], which is a derivative-free, stochastic optimization tech-
nique.
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4.5 Results
We use our implementation based on the Lie group theory to build the equations
of motion of the dynamic system (see [54]). The quadratic program of the muscle
actuation optimization is solved at 120 Hz using Quadprog++. The simulation ad-
vances by integrating the results from the quadratic program. The simulation runs
about eight to twelve times slower than real-time depending on the complexity of the
humanoids. The muscle fiber lengths are updated at 840 Hz by using the contraction
dynamics equation. The trajectory optimization for each example takes six to nine
hours depending on the number of iterations (100 to 200) using 60 cores on a cluster
of Intel Xeon E5-2680 machines. Muscles are rendered in blue when their activation
level is zero, and in red when their activation level is one, with a linearly interpolated
color scheme between them.
In the following examples, the weights gpd and gfd in the trajectory optimization
objective G (in Equation (4.30)) are always assigned to positive values to optimize




mf are assigned to positive values when they are
required, otherwise assigned to zero. For the pain avoidance, muscle weakness and
tightness, and joint dislocation examples, the controller were optimized with gait2592
model and normal walk as the reference motion.
Locomotion Skills. The first set of experiments was conducted to show that our
scheme can reproduce captured reference motions. We optimized seven controllers
named normal walk, leaning walk, marching walk, slow run, in-place slow run, in-
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Figure 4.4: Simulations of locomotion skills (top to bottom): normal walk with
gait2592, leaning walk with fullbody, marching walk with fullbody, slow run with full-
body, in-place slow run with gait2592, in-place fast run with fullbody, and quick-step
slow run with gait2562.
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place fast run, and quick-step slow run (Figure 4.6). Because the normal walk motion
from the OpenSim distribution was without arm data, it is used only for gait2592 and
gait2562. Other reference motions were from public data [42, 61] and were optimized
for all three humanoid models. All reference motions were retargeted to match the
musculoskeletal models. When the reference motion was not long enough, we created
a longer motion by stitching a few cycles together. For slow run, in-place slow run
and in-place fast run, we scaled the isometric maximum forces of all muscles by
two because the controller was not able to generate a stable cycle when the original
maximum values from the OpenSim model file were used.
Pain Avoidance. People having pain in a limb tend to show asymmetric gait
disturbance. Our optimization scheme based on the detailed musculoskeletal models
allows us to predict the gait patterns of people with muscle or joint pain.
First, we simulated a unilateral painful ankle plantar flexor. People with such prob-
lems tend to reduce the use of the ankle plantar flexor. We gave the weights of the
corresponding muscles in Equation (4.30) positive values. When the muscle forces
are minimized, the optimal gait simulates an “antalgic” or a painful gait with lower
activation of the affected ankle plantar flexor. The total force of the affected ankle
plantar flexor is 44% less than that of the contralateral one.
Second, we simulated walking locomotion with “arthralgia” or painful joints of a uni-
lateral limb. We gave a corresponding contact force weight in Equation (4.30) a posi-
tive value. Because the pain increases when the pressure inside each joint is increased,
we can simply assume that the pain increases as the contact force is increased. The
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optimized controller exhibits an “antalgic” gait pattern with a shorter stance duration
of the affected limb. The total contact force and total stance duration of the affected
limb are 55% and 70% less than those of the contralateral limb, respectively.
Muscle Weakness, Tightness. The next set of experiments was conducted while
reducing the maximum muscle strength or increasing the tightness of specific muscles.
The controllers were optimized with the efficiency objective in Equation (4.30).
We weakened the uni- or bilateral gluteus medii and gluteus minimi which act as
abductors of the hip joints. For people who have weakness of bilateral gluteus medii,
a “waddling” gait, a gait with an exaggerated lateral translation of the trunk, is
observed. Our experiments reproduced the waddling gait with bilateral gluteus medii
and gluteus minimi of which the maximum isometric force was scaled by 0.4. For
people who have weakness of unilateral gluteus medius, a Trendelenburg gait, a gait
with an exaggerated lateral translation of the trunk only in the direction of the weak
muscles, is observed. Our experiments reproduced the Trendelenburg gait with those
muscles of which the strength was scaled by 0.2. Our ”many-muscle” control scheme
allows us to simulate changes of muscles that control lateral movement, such as gluteus
medius, which is not supported by the controller of Wang et. al. [74].
We also weakened the uni- or bilateral ankle plantar flexors which play an important
role in walking by generating propulsion force when an ankle pushes off. Scaling a
unilateral ankle plantar flexor by 0.1 resulted in a “limping” gait which does not
much depend on the propulsion force of the affected ankle. Scaling the maximum
isometric force of the bilateral ankle plantar flexors by 0.2 exhibited a slightly flexed
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Figure 4.5: Simulations with a left painful ankle plantar flexor, painful joints on a
left limb, weakness of a left ankle plantar flexor, weakness of both of ankle plantar
flexors, and tightness of hamstrings and psoai with weakness of ankle plantar flexors
(top to bottom).
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Figure 4.6: Simulations with bi- and unilateral gluteus medii and gluteus minimi
weakness exhibits waddling and Trendelenburg gait, respectively. (row1 and 2). Front
view of normal walk simulation is given in the last row for comparison.
knee gait.
Tightness of the hamstrings and psoai with weakness of the ankle plantar flexors
is the most common reason for a “crouch” or flexed knee gait in people who suffer
from cerebral palsy. We increased the muscle tightness by shortening the tendon slack
length which is the rest length of the tendon. By scaling the tendon slack length of
the bilateral hamstrings and psoai by 0.8 and the maximum isometric force of the
bilateral ankle plantar flexors by 0.2, our controller generates a crouch gait with a
more flexed knee joint.
Joint Dislocation. In the case of neglected developmental dysplasia of hip (DDH),
the hip joint is dislocated in the superolateral direction. We simulated the gait with a
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unilateral DDH by moving the hip joint 3 cm in the lateral direction. The optimized
gait showed a Trendelenburg gait because the fulcrum of the hip joint moved in the
lateral direction, the center of mass of the entire body should move in that direction
also, as observed in people with neglected DDH. The controller was also optimized
with the efficiency objective.
External Pushes. We tested the robustness of our controllers for external pushes.
We applied force with a duration of 0.2 seconds at the connection part between the
pelvis and the trunk. From the right, left, rear, and front directions, our controller
performs upto 80N for normal walk and upto 160N for slow run.
Relative Intensity. The Metabolic Equivalent of Task (MET) is a cost measure
for physical activities defined as the rate of metabolic energy consumption normalized
by body weight [3]. Our controllers can be used to investigate the relative intensities
of various exercises by measuring the MET, as it can simulate various locomotion
skills with musculotendon actuators.
The simulation results of the MET with gait2562 for locomotion skills are listed in
Table 4.1. The simulated MET of the normal walk motion was 7.1. Unfortunately,
this value was nearly 2.4 times as large as that measured from an actual human
(about 3). This could simply have resulted due to the different energy metrics: the
energy consumption of a real person is often measured by analyzing the intake and
outtake of the person, while the metabolic energy metric attempts to predict this
based on quantities relates to muscles, but these values could differ. Instead, it is also
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in-place slow run 11.9
in-place fast run 28.4
quick-step slow run 11.3
Table 4.1: Simulated MET values, which indicate the relative intensity of each loco-
motion skill.
possible that the error resulted due to the simplification of the effort metric in the
muscle actuation optimization. We would like to further investigate this problem in
the future. In any case, the calculated energy consumption is still useful because one
can obtain a rough idea about the relative intensity of an exercise.
4.6 Discussion
We presented a locomotion control system for detailed musculoskeletal humanoids.
Our controller is not sensitive to model parameters such as the number of muscles,
skeletal structures or locomotion styles. It does not rely on any algorithm specifically
designed for a given musculoskeletal model, such as the one used by Wang et. al. [74].
Guided by motion capture data, our controller reproduces various styles of locomo-
tion. The muscle activations are instantaneously optimized to choose the best actu-
ations depending on the current state of the model among many redundant choices.
The feet trajectories are optimized for a certain period of time to reproduce robust
Chapter 4: Locomotion Control for Many-Muscle Humanoids 82
and natural locomotion and adapt original locomotion styles to various intentions or
conditions.
We intend to address important research problems in both graphics and biomechanics.
In computer graphics, physics-based motion synthesis has been an important topic
to gain physical realism of virtual humanoids. Especially, controller-based approaches
produce simulated movements online, allowing humanoids to respond to unexpected
disturbances. With hundreds of muscles whose parameters learned from real-human
data, our controller can accurately simulate the actuation process of human locomo-
tion while adapting to changes in muscle parameters. This allows us to physically
synthesize natural motions and express various locomotion styles simply by changing
the optimization criteria or reference motions. On the other hand, many biomecha-
nists have developed detailed musculoskeletal models, and reproduced human move-
ments using trajectory optimization. Our work reformulates these approaches based
on highly detailed humanoids and an online control algorithm. The controller ap-
proach allows us to predict movements while continuously adapting to new condi-
tions. This has significant practical meaning for medical applications such as under-
standing and treating muscle disorders. For example, our simulator can be a frame-
work for the virtual surgical planning of gait correcting surgery in patients with cere-
bral palsy.
We proposed a novel formulation to resolve muscle redundancy, searching for the
best actuations, accelerations and contact forces simultaneously. Muscle redundancy
could also be resolved solely via static optimization, but we combine it with an online
quadratic programming formulation which embeds muscle contraction dynamics to
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generate dynamic controllers. To the best of our knowledge, our work builds upon
state-of-the-art technology of human locomotion control, with one of the most detailed
public domain musculoskeletal models ever used by controllers with the widest variety
of gaits ever exhibited.
Our controller used muscle activation levels as control signals, and thus it lacks a
delaying effect that comes from the activation dynamics and neural signal transmis-




This thesis has proposed locomotion control systems for physically simulated hu-
manoid models. We focus on locomotion because it is fundamental skill not only for
humans and other animals but for artificial humanoids. Controllers are required for
the humanoids to guarantee physical realism of simulated locomotion and interac-
tions with environments while maintaining balance. It has many important implica-
tions and practical meanings in various fields, such as computer graphics, robotics,
and biomechanics.
Our approach effectively tackles challenges on the locomotion control and the com-
plexity of the human body by a data-driven control algorithm that exploits inherent
robustness of human locomotion and reconstructing human musculoskeletal system
with musculotendon actuation process. Our locomotion controllers satisfy challeng-
ing requirements such as human-likeness, richness, and resilience. The controllers are
84
Chapter 5: Conclusion 85
capable of reproducing a wide range of natural locomotion motions, responding to
internal or external changes, and evaluating metabolic quantities for musculoskeletal
models.
In Chapter 3, we have proposed a locomotion controller that exploits human motion
capture data and reproduce realistic human locomotion. Our controller takes reference
motion data and generate walking simulation that resembles original reference motion.
The key is to slightly modulate reference motion such that even a simple tracking
controller reproduces them while maintaining balance. The modulation is inspired
by pose adjustments of a human responding to changes of body states or ground
contacts when walking. This process can be seen as biological concepts, imitation and
response. Our humanoids imitates human motion data and response to environmental
changes by balance feedback and synchronization rules.
Our approach has several advantages. Our controller does not require a non-linear op-
timization solver, derivative evaluation of equations of motion, optimal control meth-
ods and precomputation. This makes our controller easy-to-implement and computa-
tionally efficient. Because our controller doesn’t need precomputation, it can take a
reference trajectory generated on-the-fly. This means that a number of existing data-
driven techniques can be easily combined with our controller, so the range of possible
actions can be largely expanded.
Our algorithm is mimicking what we are doing everyday. Each individual exhibits a
distinctive gait of walking, which serves as a reference trajectory. The distinctive gait
may be learned from experience or may be innate as many biomechanists argued. We
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modulate the reference trajectory to cope with changes in environments and external
perturbations. We think that mimicking human behavior allows us to control the
biped robustly.
In Chapter 4, we have presented a locomotion control system for many-muscle hu-
manoids which are based on detailed human models suggested by biomechanics re-
searchers. The humanoids are actuated by musculotendon actuators to simulate force-
generating process of the human body more closely. Muscle actuation signals and
movement patterns are optimized per-frame or in a longer horizon by several crite-
ria such as minimum effort or minimum difference with reference motion. Our novel
quadratic program formulation combines physics simulation with muscle contraction
dynamics, and drives the humanoids to perform desired actions while resolving re-
dundant muscle actuations.
Our controller is not sensitive to model parameters such as the number of muscles,
skeletal structures and locomotion styles. It does not rely on any algorithm specifically
designed for a given musculoskeletal model. Guided by motion capture data, our
controller reproduces various styles of locomotion and adapts the motion to meet new
body conditions or new objectives so it can reproduce the subtle nuance of pathologic
gait conditions.
We have experimented mostly with locomotion data. Controlling and simulating a
wider spectrum of human motions will be an exciting avenue for future research. We
anticipate that we will see compelling simulated humanoids equipped with a variety
of motor skills spanning from low-energy locomotion to highly-dynamic dancing and
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athletic skills that build on data-driven control techniques such as those presented in
this thesis. Controlling more repertoire of motor skills would extend our understanding
of human moving mechanisms.
A more accurate musculoskeletal model would be another interesting future work for
the musculoskeletal controllers. For example, it would be interesting to apply time-
varying aspects of real human muscles such as fatigues and injuries. Including such
time varying properties would be useful for both animation and medical applications.
More accurate modeling of the muscle geometries, volumetric deformations, and of




A.1 Definitions of Transition Function
Transition s(t) : [a, b] → [0, 1] is a smooth scalar function that satisfies s(a) = 0,











, if a ≤ x ≤ b
= 0, if x < a
= 1, if x > b.
Backward transition function r(t) : [a, b] → [0, 1] varies smoothly from one to zero




B.1 Torque-Actuated Biped Models
In Chapter 3, we experimented with a basic torque-actuated biped model (standard
model) and its variations (Figure B.1). All biped models share the same skeletal
structure. They have 13 rigid body parts (head, torso, pelvis, upper arms, lower
arms, thighs, shins, and feet) and 12 ball-and-socket joints inbetween the body parts.
The total degrees of freedom of each model are 42.
Our standard model is used in the tracking examples and the interactive control
example. The physical properties of standard model are given in Figure B.2.
The standard model is altered to have 50% shorter legs with 40% lighter weight, 50%
shorter legs with its original weight, 50% longer legs, and a 2.3% and a 4.6% shorter
left leg in the robustness examples (Figure B.1).
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Figure B.1: Our torque-actuated biped models (left to right, top to bottom): standard
model, with 50% shorter legs and 40% lighter weight, 50% shorter legs, 50% longer
legs, 4.6% shorter left leg, physical properties of the SIMBICON model.
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Figure B.2: The physical properties of our standard model.
In the push example, the physical properties of the standard model are changed to
correspond with the biped model used in SIMBICON [80] as much as we could (Fig-
ure B.1).
For each variant of standard model, the shape and moment of inertia of each changed
body part are computed from the mass information based on Figure B.2 under the
assumption that the mass is distributed with uniform density (1000kg/m3).
B.2 Many-Muscle Humanoid Models
We use three musculoskeletal models in the OpenSim file format (Figure B.3, Fig-
ure B.4). Each model description includes physical properties, relative locations of
bodies, joints, and muscles attached to the bodies, and their physiological property
such as a maximum isometric force and optimal fiber length. All models have polyg-
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Figure B.3: The original models which are base of our humanoid models (left to
right): gait2392 simbody, gait2354 simbody, Dynamics Arms 2013
onal mesh data for each bone. The vertices of each mesh are candidates for contact
points during simulation.
Gait2592 . This model is based on the gait2392 simbody model [19, 4] included in
the OpenSim distribution. We make minor modifications to the OpenSim model for
the easy of implementation. We merge each 1-DOF ankle joint and 1-DOF subtalar
joint into one 3-DOF ankle joint because those two joints were very close to each
other. The rotational center of the knee joints are assumed to be fixed in the local
coordinates of the hip joints although the OpenSim model describes the knee-angle
dependencies of the rotational center. The model has 25 DOFs and 92 muscles.
Gait2562 . This model is based on the gait2354 simbody model, which is also included
in the OpenSim distribution and has fewer muscles than gait2392 simbody. Along with
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Figure B.4: Our humanoid models (left to right): gait2562, gait2592, fullbody.
the modifications on gait2592, two ankle evertors (peroneus longus on each leg) and
six plantar/dorsi flexors (flexor hallucis longus, flexor digitorum longus and extensor
digitorum longus on each leg) muscles are borrowed from gait2392 simbody, because
gait2354 simbody has no ankle evertors and no muscles for the mtp joints. The model
has 25 DOFs and 62 muscles.
Fullbody model. We combine gait2562 and Dynamics Arms [63] to make a fullbody
model. Similarly to modification made to the ankle joints, the radioulnar joints were





We use the contraction dynamics equations proposed by Thelen [67] with some mod-
ifications. Note that forces and lengths used in following equations are normalized
by the maximum isometric force (f om) and the optimal fiber length (l
o
m), respectively.
The tilde symbols indicate normalized values.
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t − 1), εt ≤ εtoet
klin(εt − εtoet ) + f̃ toet , εt > εtoet
(C.1)
where εt is the tendon strain (εt = (lt − lslt )/lslt where lslt is the tendon slack length),
εtoet and f̃
toe
t define transition point of the curve from nonlinear to linear, ktoe and
klin are shape factors. We use f
toe







where εot is the tendon strain due to maximum isometric force [67]. Note that gt(lt) =
f om · g̃t((lt − lslt )/lslt ).
Passive Force-Length Relationship of Muscle. The original passive muscle







where l̃m is the normalized muscle fiber length, ε
o
m is the passive muscle strain due to
maximum isometric force and kpe is a shape factor.
However, Equation (C.2) generates small negative force when l̃m is smaller than 1,
meaning that muscle fiber generates unrealistic ”pushing” force.
We slightly modify the equation as follows:
g̃pl(l̃m) =

0, l̃m ≤ 1
g̃◦pl(l̃m), l̃m > 1
(C.3)
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Note that gpl(lm) = f
o
m · g̃pl(lm/lom).
Active Force-Length Relationship of Muscle. The active muscle force-length
relationship is defined as:
g̃al(l̃m) = e
−(l̃m−1)2/γ, (C.4)
where γ is a shape factor.
Force-Velocity Relationship of Muscle. The original inverse function of muscle
force-velocity relationship used by Thelen [67] is defined as:
g̃◦−1v (a, l̃m, f̃ce) =










f̃ lenm − 1
, f̃ce > afl
(C.6)
where fl means g̃al(l̃m) and f̃ce is the normalized contractile element force of muscle
fiber, f̃ce = g̃t(εt)/cos(α)− g̃pl(l̃m) by Equation (4.1), (4.2), (4.5) where ˜̇lm is the nor-
malized velocity of muscle fiber. Here ˜̇lmaxm , f̃
len
m are normalized maximum contraction
velocity of muscle fiber and normalized maximum muscle force, respectively, and Af
is a shape factor.
The force-velocity relationship gv might be a function of not only
˜̇lm, but a or l̃m
especially when ˜̇lm is near
˜̇lmaxm [81]. By finding the inverse of Equation (C.5) ana-
lytically, we found gv used by Thelen is a function of a and
˜̇lm. Because dependence
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of the force-velocity relationship on a or l̃m is not significant due to relatively short
duration of near-zero muscle force state [81], we decided to use modified version of
Equation (C.5) of which the inverse is a function of only ˜̇lm:





f̃ ′ce − afl
c′
, (C.7)
where c′ can be calculated by Equation (C.6) while substituting fce to f
′
ce. Equa-
tion (C.7) is a quadratic equation in the variable ˜̇lm and easily solved with the
quadratic formula with checking a possible range of ˜̇lm. Because we employ the par-
allel damping element, we use f̃ ′ce = f̃ce − b ·
˜̇lm instead of f̃ce as described in Equa-
tion (4.8).








, ˜̇lm ≤ 0
f lenm








, ˜̇lm > 0
(C.8)
Note that fce = a · gal(lm) · gv(l̇m) = a · f om · g̃al(l̃m) · g̃v(
˜̇lm).





opt are specified for each muscle in the humanoid
model description. Our humanoids models use εot = 0.033, ε
o
m = 0.6, kpe = 4.0,
γ = 0.5, ˜̇lmaxm = 10, f̃
len
m = 1.8, Af = 0.3 for all muscles.
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C.2 Initial Muscle States
The initial value of a and lm at the start of simulation are not clear because they are
invisible internal muscle states. We starts the simulation with fully relaxed muscles,
meaning that initial a is zero. Then lm is computed to generate an isometric muscle
force which is a force when l̇m is zero. We compute it by solving Equation (C.7) for l̃m
given a = 0 and ˜̇lm = 0. Using Equation (4.1), (4.2), (4.7) instead of Equation (C.7)
gives the same results.
Glossary for Medical Terms
A
abductor
A muscle that makes a motion that pulls a limb away from the midline of the
body [75]. 76
ankle plantar flexor
A muscle that makes a movement which decreases the angle between the sole
of the foot and the back of the leg. For example, when depressing an car pedal
or standing on the tiptoes [75]. vii, 75–78
C
cerebral palsy
A group of permanent disorders of the development of movement and posture,
causing activity limitation, that are attributed to non-progressive disturbances
that occurred in the developing fetal or infant brain. Its motor disorders are of-
ten accompanied by disturbances of sensation, perception, cognition, communi-
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cation, and behaviour, by epilepsy, and by secondary musculoskeletal problems
[57]. 8, 78, 81
D
distal hamstring lengthening (DHL)
One of the common surgical operations for cerebral palsy patients. This opera-
tion lengthens distal parts of hamstring muscles and has been reported to de-
crease knee flexion and improve knee movements. Now, it is one of the standard
surgical operations in single-event multilevel surgery for cerebral palsy patients
[8] . 8
F
femoral derotation osteotomy (FDO)
A surgical operation for patients with rotational deformity on lower extremities
that causes imperfect lever-arm functionality. It includes corrections of the fe-
mur with a metal plate at intertrochanteric or supracondylar part. [8] . 8
G
gluteus medius
One of the three gluteal muscles, which is a broad, thick, radiating muscle,
situated on the outer surface of the pelvis. It is related with the abduction of
the hip and the medial rotation of thigh. [76] . 76
R
Glossary for Medical Terms 101
rectus femoris transfer (RFT)
A surgical operation for cerebral palsy patients with spasticity of the hamstring
and rectus femoris. It has been reported to be effective for patients with the
stiff-knee gait. [8] . 8
S
single-event multilevel surgery
A standard surgical operation for people who suffered from spastic cerebral
palsy and are able to walk. It is mainly composed by a combination of muscle
tendon lengthening, tendon transfer, and derotation osteotomy. It maximize
effectiveness of post-operative rehabilitation while decreasing total duration of
hospital stay, needs of additional operations, and reoccurance of the deformity.
[8] . 8
T
Tendo Achilles lengthening (TAL)
A surgical operation for tiptoe walking patients. It alleviate over-extension of
plantar flexion - knee extension couple. [8] . 8
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초 록
휴머노이드를 제어하여 사람의 자연스러운 이동 동작을 만들어내는 것은 컴퓨터
그래픽스 및 로봇공학 분야에서 중요한 문제로 생각되어 왔다. 하지만, 이는 사람
의 이동에서 구동기가 부족한 (underactuated) 특성과 사람의 몸의 복잡한 구조를
모방하고 시뮬레이션해야 한다는 점 때문에 매우 어려운 문제로 알려져왔다. 본
학위논문은 물리 시뮬레이션 기반 휴머노이드가 외부의 변화에 안정적으로 대응
하고 실제 사람처럼 자연스럽고 다양한 이동 동작을 만들어내도록 하는 제어 방법
을 제안한다. 우리는 실제 사람으로부터 얻을 수 있는 관찰 가능하고 측정 가능한
데이터를 최대한으로 활용하여 문제의 어려움을 극복했다. 우리의 접근 방법은 모
션캡처시스템으로부터획득한사람의모션데이터를활용하며,실제사람의측정
가능한 물리적, 생리학적 특성을 복원하여 사용하는 것이다.
우리는토크로구동되는이족보행모델이다양한스타일로걸을수있도록제어하
는데이터기반알고리즘을제안한다.우리의알고리즘은모션캡처데이터에내재
된 이동 동작 자체의 강건성을 활용하여 실제 사람과 같은 사실적인 이동 제어를
구현한다. 구체적으로는, 참조 모션 데이터를 재현하는 자연스러운 보행 시뮬레이
션을위한관절토크를계산하게된다.알고리즘에서가장핵심적인아이디어는간
단한 추종 제어기만으로도 참조 모션을 재현할 수 있도록 참조 모션을 연속적으로
조절하는 것이다. 우리의 방법은 모션 블렌딩, 모션 와핑, 모션 그래프와 같은 기존
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에 존재하는 데이터 기반 기법들을 이족 보행 제어에 활용할 수 있게 한다.
우리는 보다 사실적인 이동 동작을 생성하기 위해 사람의 몸을 세부적으로 모델
링한, 근육에 의해 관절이 구동되는 인체 모델을 제어하는 이동 제어 시스템을 제
안한다. 시뮬레이션에 사용되는 휴머노이드는 실제 사람의 몸에서 측정된 수치들
에 기반하고 있으며 최대 120개의 근육을 가진다. 우리의 알고리즘은 최적의 근육
활성화 정도를 계산하여 시뮬레이션을 수행하며, 참조 모션을 충실히 재현하거나
혹은 새로운 상황에 맞게 모션을 적응시키기 위해 주어진 참조 모션을 수정하는
방식으로 동작한다. 우리의 확장가능한 알고리즘은 다양한 종류의 근골격 인체 모
델을 최적의 근육 조합을 사용하며 균형을 유지하도록 제어할 수 있다.
우리는 다양한 스타일로 걷기 및 달리기, 모델의 변화 (근육의 약화, 경직, 관절의
탈구), 환경의 변화 (외력), 목적의 변화 (통증의 감소, 효율성의 최대화)에 대한
대응, 방향 전환, 회전, 인터랙티브하게 방향을 바꾸며 걷기 등과 같은 보다 난이도
높은동작들로이루어진예제를통해우리의접근방법이효율적임을보였다.
주요어: 컴퓨터 애니메이션, 물리 기반 시뮬레이션, 이족 보행 제어, 휴머노이드
이동 제어, 근골격 휴머노이드 제어
학번: 2007-23045
